Epidemiologists sometimes collect bivariate continuous data on a number of subjects, compute the empirical (sample) quantiles of the marginal data, and then use these values to partition the original data into two-way contingency tables. Tables created in this manner have row and column categories defined by the random empirical marginal quantiles rather than by preset cutpoints, so these tables have fixed marginal totals. Hence, instead of the conventional multinomial distribution, these tables have the empirical bivariate quantile-partitioned (EBQP) distribution. In this paper, the authors demonstrate how to use empirical methods appropriate for EBQP tables to make inferences and construct confidence intervals for three commonly used measures of agreement: kappa, weighted kappa, and another class of measures derived from conditional proportions in the extreme rows of the table. They also show that if one incorrectly applies conventional methods appropriate for multinomial tables to statistics calculated from EBQP tables, one can obtain substantially misleading results. In addition, the authors present alternative parametric methods for estimating these measures of agreement and illustrate corresponding methods of inference and confidence interval construction. Finally, they show that these empirical (EBQP) methods can have low efficiency compared with parametric methods for some of these measures of agreement. Am J Epidemiol 1997; 146:520-6. epidemiologic methods; nutrition surveys; questionnaires; statistics Epidemiologists sometimes collect bivariate continuous data on a number of subjects and then partition these data into two-way contingency tables with row and column categories defined by the empirical quantiles of the marginal data. For example, Pietinen et al.
Epidemiologists sometimes collect bivariate continuous data on a number of subjects and then partition these data into two-way contingency tables with row and column categories defined by the empirical quantiles of the marginal data. For example, Pietinen et al. (1, 2) conducted an extensive study of Finnish men aged 55-69 years to test the reproducibility and validity of several methods of measuring the intake of food items and nutrients. Among the nutrients considered was vitamin E, represented by the total amount of active tocopherols. In the validation part of the study, the vitamin E intake of 157 men was measured by two methods. First, the subjects kept prospective "food records" to record the foods they consumed on 12 two-day periods during a 6-month interval. Second, the subjects completed retrospective "food use ques-tionnaires" to estimate how much of certain foods they had consumed during the previous year.
The food record and food use questionnaire measurements have means (standard deviations) of 10.1 (3.8) and 11.6 (6.0) mg, respectively. Both marginal measurements are skewed toward the right, and the food use questionnaire measurements tend to be larger than the corresponding food record measurements for each individual.
We computed the empirical marginal quintiles and used these values to partition the original data into a 5X5 table (table 1) . (We first added tiny random errors to each component of the original bivariate data to break any ties.) Because 157/5 = 31.4, the marginal totals of the rows and columns are fixed at 31 or 32 observations, even though the interior counts are still random. For example, four individuals fell in both the first quintile of the food record measurements and the third quintile of the food use questionnaire measurements.
The empirical quintiles of the food record measurements are 6.8, 8.6, 9.9, and 12.9 mg, while the empirical quintiles of the food use questionnaire measurements are 6.5, 9.1, 11.2, and 15.9 mg. Several ties occurred at these empirical quantiles, but the manner in which the ties were broken had only a small effect on the resulting table. Note that for imprecise mea- surement instruments, such as food records and food use questionnaires, the empirical quantiles themselves are usually of less interest than the empirical bivariate quantile-partitioned (EBQP) tables that they jointly define. For better calibrated and more reliable measurement instruments, however, the empirical quantiles may be of considerable interest and should be reported.
Because the data are partitioned by the random empirical marginal quintiles rather than by preset cutpoints, the resulting table of observed counts does not have the conventional multinomial (MULT) distribution. Instead, this table has the EBQP distribution. The asymptotic theory for this distribution was developed by Borkowf et al. (3) . We present evidence that empirical estimates of measures of agreement calculated from EBQP tables (table 1) have variances that can differ substantially from the variances appropriate for estimates calculated from corresponding MULT tables. Similarly, we illustrate the construction of confidence intervals using empirical (EBQP) methods and show that these intervals differ from those appropriate for MULT methods.
A scatter plot of the log e -transformed data (figure 1) suggests that these data are consistent with the assumption of bivariate normality and, hence, that the original data are bivariate lognormal. On this new scale, the food record and food use questionnaire measurements have means (standard deviations) of 2.24 (0.36) and 2.33 (0.48) log e -mg, respectively. Using the log-transformed data, we constructed normal probability plots of the marginal data and of linear combinations of these data (not shown). These graphic tests also suggest that it is quite plausible to assume that the log-transformed data are bivariate normal (BVN).
In light of these observations, we also present parametric methods under the assumption of bivariate normality for estimating the expected counts in EBQP tables. In turn, we can use these tables to calculate parametric estimates of measures of agreement of interest. We say that tables produced by parametric 
1^) }, and since the right hand expression only depends on p, the proportion of observations below any pair of quantiles must also depend only on p. In turn, the distribution of the estimated counts in PBQP tables depends only on the sample correlation, p, and not on the unknown means and variances of the marginal distributions. We use the notation BVN(p) to denote a BVN distribution with means 0, variances 1, and correlation p.
In the vitamin E example, the sample correlation of the log-transformed data are p = 0.6810, and the resulting estimated PBQP counts appear in have substantially smaller variances than do empirical estimates calculated from EBQP tables (table 1) .
We reviewed articles in the American Journal of Epidemiology over the past decade to determine which measures of agreement were commonly used and which methods of inference were employed. We found that researchers tended to use empirical bivariate tertiles, quartiles, and quintiles to partition their data. They chose to measure the agreement in these square tables with several statistics, including kappa (5), weighted kappa (6), and row proportions (see the next section and reference 7). The latter statistic measures agreement (or disagreement) in the extreme quantiles of the table and is usually used with quintiles. Statistics such as "percent exact agreement" and "percent agreement within one quantile" are essentially equivalent to weighted kappa with appropriate weights. Only in rare cases, and then only for kappa, did researchers report confidence intervals, and these intervals were constructed by using the incorrect assumption that the tables had the MULT distribution.
In this paper, we first describe the empirical (EBQP) and parametric (PBQP) modeling approaches in more detail. Next, we consider several measures of agreement of interest to epidemiologists (kappa, weighted kappa, and row proportions) and numerically compute their asymptotic means and variances for EBQP, PBQP, and MULT tables constructed from BVN data partitioned by quintiles. We also show how to use empirical, parametric, and MULT methods to analyze the vitamin E data, and we discuss the implications of incorrectly using MULT methods to analyze statistics calculated from EBQP tables. Finally, we compare the advantages and disadvantages of using empirical (EBQP), parametric (PBQP), and MULT methods to analyze bivariate continuous data. (3) . While these variances may be written in closed form, their formulas are very complex, and therefore we do not repeat them here. To compute these estimated variances efficiently, we need not only the {/?,-,} but also the complete original data. As the sample size increases (t -> oo), the sample EBQP proportions, {/?,-,}, tend to the asymptotic proportions, {ir,-,}.
Alternatively, we may consider a parametric modeling approach in which we assume that the original data come from the BVN distribution. In this case, we use the original data to compute the sample correlation, p, which is the maximum likelihood estimate of the true correlation, p. Since the BVN distribution is a location-scale family, we do not need to estimate the unknown means or variances of the marginal distributions. We use p to obtain parametric estimates {TT,-,} of {tTjj}. For example, for the vitamin E data, p = 0.6810, which we use to compute TT 23 = 7.5/157. Parametric methods for obtaining estimates {TT,-,} and their asymptotic and estimated variances are discussed in Borkowf (4) . These variances can often be written in closed form using complex formulas derived by the multivariate delta method (8) .
In the following sections, we denote summation over a subscript by a plus sign. For example,
while p i+ and p +j are constant given t, apart from rounding.
Three measures of agreement
We now define three measures of agreement of interest to epidemiologists.
Kappa, K. The kappa statistic, K (5), is a measure of the diagonal agreement between two categorical variables, which are the quantile-partitioned categories in this case. Landis and Koch (9, 10) discussed the use of kappa with ordinal categories and provided some useful benchmarks for its interpretation. Let Il o = 2f =1 IT,-,-and U e = 2? = , TT, + TT +( . Then U o denotes the limiting proportion of observed diagonal counts, while H e denotes the limiting proportion of diagonal counts expected under the assumption that the original bivariate measurements are independent. The kappa measure is defined by
The value of K ranges from -°° to 1, and its magnitude and interpretation depend on the somewhat arbitrary choice of table dimensions, d (11) . Note that independence implies K = 0, while K = 1 corresponds to perfect diagonal agreement.
Weighted kappa, K r The weighted kappa statistic, K W (6) , is a measure of the overall agreement between two categorical variables. With appropriate weights, it corresponds to the intraclass correlation with the quantile-partitioned categories as scores (12) . Let w,-, = 1 - (13) .
Row proportions, a. Row proportions, a, are conditional proportions that measure agreement (or disagreement) in the extreme quantiles of a table (e.g., reference 7). We often use these measures when we want to compare a "test method" of measurement (columns) to a "gold standard" of measurement (rows). For example, we may be interested in the true row proportion which gives the proportion of observations that fall in the first column of the table given that they already fall in the first row. The value of a,], ranges from 0 to 1 and depends strongly on the We obtain sample estimates of the above three measures of agreement (K, K W , and a) for EBQP and PBQP tables by replacing the {TT^} in the above formulas with {p tj } and {Tr,-,}, respectively. We also use the multivariate delta method (8) to compute both asymptotic and estimated variances of these measures of agreement for EBQP and PBQP tables, as described in Borkowf (4) . In particular, we note that the variance formulas for kappa and weighted kappa differ from the conventional formulas appropriate for MULT methods (14) .
THEORETICAL AND APPLIED RESULTS General results for the bivariate normal distribution
We now present the asymptotic means, variances, and variance ratios of the three measures of agreement for 5X5 tables where the underlying data come from the BVN distribution for selected correlations (p = 0, 0.25, 0.5, 0.75, and 0.9). Readers who prefer a more concrete discussion should skip to the vitamin E example in the next section. Table 3 (K) shows five asymptotic parameters for kappa, K, where the underlying distribution is BVN(p). The asymptotic variances of (?" 2 k) for EBQP and MULT tables tend to be quite close, with the greatest differences found for higher correlations. The ratios of the asymptotic variances show that the relative differences are, at most, about 4 percent for 0 ^ p ^ 0.9. Thus, even if we incorrectly use the MULT variances for K calculated from EBQP tables, the subsequent results will not be terribly misleading for BVN data. Borkowf et al. (3) , however, present examples of certain unusual bivariate distributions that give very different asymptotic variances of (t 1 ' 2 k) for EBQP and MULT tables. By contrast, the parametric (PBQP) method produces asymptotic variances of {t " 2 k) that are only 20-33 percent as large as those of the empirical (EBQP) method for 0 < p < 0.9. This result indicates that empirical methods are quite inefficient for estimating kappa compared with parametric methods.
Next, t The parameters denote the means of the measures of agreement; the asymptotic variances of f" times the parameter estimates for EBQP, MULT, and PBQP tables. Ratio 1, the ratios of the MULT to the EBQP asymptotic variances; Ratio 2, the ratios of the PBQP to the EBQP asymptotic variances.
relation of the BVN(p) distribution. This result follows from the previously mentioned relations among p, p s , and K W . For example, p = 0.75 corresponds to p s = 0.73, which is well approximated by K W = 0.70. Note that the asymptotic variances of {t 1/2 KJ for EBQP and MULT tables differ by no more than about 5 percent for 0 < p < 0.9. Thus, even if we incorrectly use the MULT variances for k w calculated from EBQP tables, the subsequent results will not be very misleading for BVN data. By contrast, the parametric method produces asymptotic variances of (f" 2 k w ) that decrease monotonically from 79 to 53 percent as large as their empirical counterparts as p increases from 0 to 0.9. This result indicates that empirical methods are reasonably efficient for estimating weighted kappa compared with parametric methods, especially for low correlations.
Furthermore, table 3 (a,|,) shows five asymptotic parameters for the row proportion a,|,, where the underlying distribution is BVN(p). The asymptotic variances of (r" 2 a^,) for EBQP tables are consistently less than those for MULT tables, and their variance ratios increase monotonically from 1.25 to 1.78 as p increases from 0 to 0.9. These differences in the asymptotic variances are mainly due to the fact that the row total p 1+ is constant given t in EBQP tables but random in MULT tables. Thus, confidence intervals for aji, that are constructed by incorrectly using MULT methods will tend to be too wide. By contrast, the parametric method produces asymptotic variances of (t" 2 a,|,) that are only 11-25 percent as large as those of the empirical method for 0 ^ p ^ 0.9. This result indicates that empirical methods are quite inefficient for estimating a,|, compared with parametric methods. Similar patterns hold for other types of row proportions (not shown).
More details about the asymptotic variance ratios of these measures of agreement in tables of various dimensions (d = 2, 3, 4, 5, and 6) and for several distributions appear in Borkowf (4).
Analysis of the vitamin E data
We used three approaches to analyze the vitamin E data (table 4) . For the empirical analysis, we computed the point estimates of the measures of agreement from the EBQP counts in table 1 and their estimated variances from the complete data using the methods of Borkowf et al. (3) . For the MULT analysis, we incorrectly treated the EBQP counts in table 1 as though they were MULT and computed point estimates and t For the MULT analysis, the authors incorrectly treat the EBQP counts in table 1 as though they were MULT counts and then compute point estimates and estimated variances accordingly.
Contingency Tables with Quantile Categories 525 estimated variances accordingly. For the parametric analysis, we computed the point estimates from the estimated PBQP counts in table 2 and their estimated variances from the sample correlation p = 0.6810 using the methods of Borkowf (4). We also constructed nominal 95 percent confidence intervals of these measures of agreement of the form (estimate ± 1.96 standard error).
The results in table 4 show that the empirical (EBQP) and parametric (PBQP) methods produce similar point estimates for kappa (K = 0.196 vs. 0.242) and weighted kappa (k w = 0.630 vs. 0.627), but very different estimates for the selected row proportion (&,|, = 0.419 vs. 0.551). These discrepancies reflect the fact that weighted kappa depends on all of the cells of the table, whereas kappa depends on only the diagonal cells and the row proportion a,|, depends on only the (1, 1) cell. Measures that depend on fewer EBQP cells tend to be more variable and thus more likely to differ from those calculated from the estimated PBQP cells, even if the assumption that the data are BVN is correct. Furthermore, just as we observe in the theoretical studies in the previous section, the parametric method gives smaller estimated standard errors than does the empirical method for the vitamin E data.
If we incorrectly analyze the EBQP counts in table 1 with MULT methods, we obtain estimated standard errors that are about 15 and 14 percent smaller for kappa and weighted kappa, but about 16 percent larger for the row proportion a,|, than the correctly estimated EBQP standard errors. Thus, confidence intervals based on the incorrect MULT standard errors are too narrow for kappa and weighted kappa, but too wide for the row proportion ar,|j.
DISCUSSION
In this paper, we have illustrated how to use recently developed empirical methods of inference to analyze measures of agreement calculated from EBQP tables. We need both the EBQP tables and the original bivariate continuous data to estimate the variances of measures calculated from these tables. Simulations and numerical studies show that confidence intervals for several measures of agreement calculated from EBQP tables have near nominal coverage for the BVN distribution for samples of moderate size (t s 30), while other underlying distributions may require larger sample sizes (3, 4) .
Preliminary simulations show that breaking ties at random produces confidence intervals of nominal size when few ties occur at each empirical quantile and the table dimensions, d, are much smaller than the sample size, t. For discrete data with many ties occurring at the empirical quantiles, however, the joint EBQP distribution may not be well-defined, in which case empirical methods are suspect.
We have also shown how to use parametric methods of inference to analyze measures of agreement calculated from PBQP tables. We need the original bivariate data to estimate the underlying parameters of the assumed distribution efficiently. Simulations and numerical studies show that estimated PBQP variances for several measures of agreement converge rapidly to their asymptotic values, and hence confidence intervals achieve near nominal coverage for BVN(p) data for moderate sample sizes. Furthermore, empirical methods have low efficiency compared with parametric methods for several measures of agreement, especially in tables with low dimensions (4). These results are reminiscent of the findings of Donner and Eliasziw (15) that the reliability coefficient calculated from dichotomously partitioned data in MULT tables has low efficiency compared with the intraclass correlation calculated from the underlying continuous BVN data.
We suggest using parametric methods if the (possibly transformed) data appear to be consistent with a particular parametric model, such as the BVN distribution. Parametric methods give much more precise estimates of some measures of agreement, such as kappa and row proportions, than empirical methods. Empirical methods are useful, however, when we have reason to doubt the validity of the parametric assumptions. Furthermore, we recommend using empirical methods for some measures of agreement, such as weighted kappa, for which these methods are reasonably efficient, at least for BVN data (table 3) .
We have also demonstrated that conventional MULT methods should not be used to analyze statistics computed from EBQP tables. In particular, for the BVN distribution, numerical calculations for 5X5 tables indicate that MULT methods produce confidence intervals for kappa and weighted kappa that, on average, can be either too narrow or too wide and confidence intervals for row proportions that are much too wide (table 3) . Similar results occur in the vitamin E example (table 4) . Furthermore, MULT methods can produce very misleading confidence intervals, even for kappa and weighted kappa, for certain unusual bivariate distributions (3) .
In some circumstances, it may be advantageous to use preset cutpoints to create MULT tables instead of the random empirical quantiles to create EBQP tables. For example, we may prefer to create MULT tables when the two measurements that we wish to compare are measured on the same scale and there exist welldefined thresholds or cutpoints of interest. Using preset cutpoints defines tables with categories that have Am J Epidemiol Vol. 146, No. 6, 1997 meaning in reference to the original scale of measurement and also facilitates comparisons among similarly constructed tables from different studies. In addition, statistical packages, such as StatXact (16) , provide estimates and variances of measures of agreement (including kappa and weighted kappa) calculated from MULT tables.
By contrast, when we use empirical quantiles instead of preset cutpoints, the resulting EBQP tables lack information about the absolute values of the bivariate measurements. In particular, we cannot determine from EBQP tables alone whether one measurement is typically higher than the other. We can remedy this deficiency, however, by reporting the values of the empirical quantiles along with these tables. Furthermore, we need special software to compute the variances of statistics calculated from EBQP tables (see below).
Conversely, it may be advantageous to construct EBQP tables when the underlying measurements are hard to calibrate or standardize. Since we use the bivariate ranks to create these tables, they are invariant to monotonic increasing transformations of the marginal data. Thus, we may create EBQP tables, for example, in studies where two different laboratories produce measurements with different intercepts or scalings or where we obtain the two quantitative measurements by disparate techniques, such as food records and food use questionnaires. Finally, EBQP tables have (nearly) balanced marginal totals, which avoids problems due to entire rows or columns with sparse cells.
In addition to empirical and parametric methods, we should consider other measures of agreement and analyses that examine the original bivariate continuous data. For example, when the data are BVN, the sample correlation p is an optimal location and scale invariant measure of overall agreement. More generally, we can use the bivariate ranks of the original data to estimate nonparametric statistics, such as Spearman's rank correlation, p s . The original data also lend themselves to a variety of graphic and regression analyses, which at times may reveal more about the association in the underlying distribution than some statistics calculated from EBQP and PBQP tables, such as kappa or row proportions.
The first author (C. B. B.) can provide a computer program (EpiQuant 1.0) for constructing EBQP and PBQP tables, the latter under the assumption of bivariate normality, and for estimating the means and variances of kappa, weighted kappa, and six selected row proportions. This program is written in the GAUSS 3.0 programming language (17) and comes with a brief technical note to explain its use (4) .
